ABSTRACT
INTRODUCTION
Recent traffic safety reports from the National Highway Traffic and Safety Administration show that in 2007 alone, over 41,000 people were killed and another 2.5 million injured in motor vehicle accidents in the United States [1] . The longstanding presence of passive safety systems in motor vehicles, combined with the ever-increasing influence of active systems, has contributed to a decline in these numbers from previous years. Still, the opportunity for improved collision avoidance technologies remains significant.
Recent developments in onboard sensing, lane detection, obstacle recognition, and drive-by-wire capabilities have facilitated active safety systems that autonomously or semiautonomously assist in the driving task [2] . In addition to avoiding static hazards, these systems must account for the motion of dynamic roadway hazards in the presence of uncertain sensor data and unpredictable hazard motion. This consideration, while challenging in its own right, is compounded in semiautonomous vehicle systems, in which a human operator maintains at least partial control of the host vehicle. In these scenarios, the trajectory planner and semi-autonomous controller must allow for (and reject if necessary) unanticipated vehicle state and input disturbances caused by the human operator.
In the traditional approach to autonomous vehicle navigation, a path planner and controller are arranged as a tiered subsystem, with a planner designing a collision-free path and the controller seeking to track that path while rejecting disturbances. Common path planning approaches include rapidly-exploring random trees [3] , graph search methods [4] , potential fields analysis [5] , velocity obstacles [6] , and neural optimization techniques [7] . Control laws commonly employed in these systems include PID schemes [8] , linear-quadratic regulators [9] , and nonlinear fuzzy controllers [10] .
With a human driver in the loop, tiered subsystem architectures that rely on a pre-planned path may be overly restrictive at best and inaccurate at worst. By seeking to limit the vehicle trajectory to a specific path, these approaches neither allow nor account for deviations from the nominal trajectory caused by human inputs or unanticipated hazard motion. Many existing semi-autonomous systems also seek to perform the hazard avoidance task without explicitly accounting for the effect of driver inputs on the vehicle trajectory [11] . These systems generally estimate the threat posed by static or moving hazards with simple time-based, distance-based, or deceleration-based measures [12] [13] [14] [15] . While these metrics provide a useful estimate of threat posed by a given maneuver, they are poorly suited to consider multiple hazards, complex vehicle dynamics, actuator and controller limitations, or complicated environmental geometry with its attendant constraints.
In [16] , a framework for semi-autonomous control of passenger vehicles is presented. This framework uses Model Predictive Control (MPC) to iteratively plan trajectories through a traversable corridor, assess the threat this trajectory poses to the vehicle, and regulate driver and controller inputs to prevent that threat from exceeding a given threshold. In the context of static hazards, this system's model-based threat assessment provides an efficient means of: 1) combining static roadway hazards such as lane boundaries and roadway obstacles into realistic spatial constraints and 2) combining these constraints with knowledge of the vehicle dynamics to predict the threat posed by those hazards given the current inputs of a human driver. This paper extends this framework's hazard avoidance capabilities to account for both static and dynamic hazards and demonstrates (via simulation and experiment) the advantages of this approach over other planning and control techniques designed to avoid static and moving obstacles. Basic framework operation is first presented, followed by a description of the method used to predict the future position of moving roadway hazards, assess the threat each of these hazards poses, and avoid them semi-autonomously. Simulation setup and results are then presented, followed by experimental setup and results, and the paper closes with general conclusions.
FRAMEWORK DESCRIPTION
The framework described in this paper leverages the predictive and constraint-handling capabilities of MPC to perform trajectory planning, threat assessment, and semi-autonomous hazard avoidance. First, an objective function is established to capture desirable performance characteristics of a safe or "optimal" vehicle path. Boundaries tracing the edges of the drivable road surface are derived from (assumed) forward-looking sensor data and a higher-level corridor planner. These boundaries extrapolate the current state of road hazards (vehicles, pedestrians, etc.) to establish a traversable corridor constraining the vehicle's projected lateral position. This constraint data, together with a model of the vehicle dynamics is then used to calculate an optimal sequence of inputs and the associated vehicle trajectory. The predicted trajectory is treated as a "best-case" scenario and used to establish the minimum threat posed to the vehicle given its current state and a series of best-case inputs. This threat is then used to calculate the intervention required to prevent departure from the traversable corridor and driver/controller inputs are scaled accordingly. Figure 1 shows a block diagram of this system. 
Assumptions
In this paper it is assumed that road lane data is available and that the instantaneous position, velocity, and acceleration of road hazards have been measured or estimated by on-board sensors or vehicle-to-vehicle communication. Existing systems and previous work in onboard sensing and sensor fusion justify this as a reasonable assumption [17] . Radar, LIDAR, and vision-based lane-recognition systems [3] , along with various sensor fusion approaches [18] have been proposed to provide the lane, hazard, and environmental information needed by this framework. Where multiple corridor options exist (such as cases where the roadway branches or the vehicle must avoid an obstacle in the center of the lane), it is assumed that a high-level path planner has selected a single corridor through which the vehicle should travel.
Path Planning
The best-case (or baseline) path through the constrained corridor is predicted by an MPC controller. Model Predictive Control is a finite-horizon optimal control scheme that uses a model of the plant to predict future vehicle state evolution and optimize a set of inputs such that this prediction satisfies constraints and minimizes a user-defined objective function. At each time step, t, the current plant state is sampled and a costminimizing control sequence spanning from time t to the end of a control horizon of n sampling intervals, t+n∆t, is computed subject to inequality constraints. The first element in this input sequence is implemented at the current time and the process is repeated at subsequent time steps. Three important elements of the controller implemented in this paper -the plant model, objective function, and constraint setup -are described below.
Vehicle Dynamic Model. The vehicle model used by the controller consists of the linearized kinematics of a 4-wheeled vehicle along with its lateral (wheel slip) and yaw dynamics. Vehicle states include the position of its center of gravity [x, y], the vehicle yaw angle ψ , yaw rate ψ& , and sideslip angle β, as illustrated in Figure 2 . The input to the system is the front steer angle δ. Tire compliance is included in the model by approximating lateral tire force (F y ) as the product of wheel cornering stiffness (C) and wheel sideslip (α or β) as in α
and illustrated in Figure 2 . 
where C f and C r represent the (linearized) cornering stiffness of the lumped front wheels and the lumped rear wheels, and x f and x r are the longitudinal distance from the c.g. of the front and rear wheels, respectively. As described in [19] and briefly discussed below, small slip angles are maintained by configuring the MPC objective function and semi-autonomous intervention law to keep wheel slip within the roughly linear range of the tire force curve. The constant speed assumption used in this linearization reflects the common driver intention in highway driving scenarios.
Constraint Setup. Assuming that the environment has been delineated previously (see assumptions above), the boundaries of the traversable road surface ( y min (x) and y max (x) ) are sampled over the prediction horizon to generate the constraint vectors ( ) ( 
to first order where ( ) 
MIN ) FOR MOVING HAZARDS
Notice that the constraint "shadow" cast by a hazard moving in the opposite direction as the host vehicle appears shallower than the hazard's true depth. Similarly, the shadow cast by a hazard moving in the same direction as the host vehicle is effectively deepened.
By enforcing vehicle position constraints at the boundaries of the traversable environment * , the controller forces the MPCgenerated path to remain within the constraint-bounded corridor whenever dynamically feasible. Coupling this lateral position constraint with input constraints u min/max , input rate constraints Δu min/max , and vehicle dynamic considerations, the traversable operating corridor delineated by y y max and y y min translates to a safe operating region within the state space.
Objective Function. Inside the constraint-bounded tube, various vehicle outputs may be minimized to improve vehicle performance, stability, and controllability. In this work, front wheel sideslip (
) is chosen for its influence on the controllability of front-wheel-steered vehicles. As * Position constraints may be applied to vehicle profile or offset and applied to its center of gravity. In this paper, the later approach was used. Results plots shown here illustrate the host vehicle c.g. traveling among the offset corridor. illustrated in Figure 3 , cornering friction begins to decrease above critical slip angles. These critical angles are well-known and provide a direct mapping from environmental conditions to vehicle handling limitations. The linearized tire compliance model's failure to account for this decrease further motivates the suppression of front wheel slip angles to reduce controller-plant model mismatch. In [20] it is shown that limiting tire slip angle to avoid this strongly nonlinear (and possibly unstable) region of the tire force curve can significantly enhance vehicle stability. Finally, trajectories that minimize wheel slip also tend to minimize lateral acceleration and yaw rates, leading to a safer and more comfortable ride.
Describing the discretized vehicle plant model by
(10) with x, y, u, and v representing states, outputs, inputs, and disturbances respectively, a quadratic objective function over a prediction horizon of p sampling intervals is defined as (11) where R y , R u , and R ∆u represent diagonal weighting matrices penalizing deviations from 0
, ρ ε represents the penalty on constraint violations, n denotes the number of free control moves, and ε represents the maximum constraint violation over the prediction horizon p. Inequality constraints on vehicle position (y), inputs (u), and input rates (Δu) are then defined as: (12) where the vector ∆u represents the change in input from one sampling instant to the next, the superscript "(•) j " represents the j th component of a vector, k represents the current time, and the notation (•) j (k+i|k) denotes the value predicted for time k+i based on the information available at time k. The vector V allows for variable constraint softening over the prediction horizon, p, when ε is included in the objective function. Table 2 defines and quantifies this controller parameters used in this paper. 
Threat Assessment and Controller Intervention
Similar to the controller described in [16] the MPC controller used here constrains vehicle position, input magnitude, and input rates to satisfy safety requirements, while minimizing front wheel slip to maximize controllability and minimize plant-controller model mismatch. At each controller timestep, predicted front wheel sideslip (α) is converted to a scalar threat metric Φ by ( ) ( )
This threat assessment is then used in a piecewise-linear
to blend driver and controller inputs as
The intervention function K used in (14) is parameterized by threshold threat values Φ eng and Φ aut . While predicted threat remains below Φ eng , the driver maintains full control. As predicted threat increases, so does the proportion of control allocated to the controller. In the simulations and experiments shown below, K was calculated as
To ensure that avoidance maneuvers remained within the roughly-linear region of the tire force curve (as assumed in the MPC model), Φ aut was set at three degrees of front wheel slip.
SIMULATION STUDIES

Setup
Controller performance was simulated using a nonlinear ADAMS® model of a generic vehicle featuring a double wishbone suspension, passive roll stabilizers, and rack and pinion steering. Tire forces were approximated using a Pacejka tire model, which describes longitudinal and cornering forces as a function of normal force, tire slip angle, surface friction, and longitudinal slip. The vehicle model described by (2) , with the parameters given in Table 1 was used in the receding horizon controller.
Results
Simulation results were obtained for various maneuvers, driver inputs, objective function configurations, and intervention laws. Results below are shown for scenarios in which the driver (traveling at a constant 20 m/s) does not take appropriate evasive action to avoid moving roadway hazards. In each case, the driver steer input (δ driver ) was set at zero to simulate an inattentive driver. In future testing, it is expected that nonzero driver inputs will lead to synergistic driver-controller interaction effects similar to those observed in [16] . Figure 5 shows the results of autonomous and semi-autonomous simulations.
FIGURE 5. SIMULATION RESULTS COMPARING AUTONOMOUS AND SEMI-AUTONOMOUS CONTROLLER PERFORMANCE AMONG MOVING HAZARDS
In this scenario, the host vehicle initially trails obstacle 1 while both travel at 20 m/s. At T1, obstacle 1 begins to decelerate, prompting the host vehicle to begin a passing maneuver at T2. At T3, the host clears the first obstacle and "sees" an accelerating obstacle 2 in the oncoming lane at T4. Adjusting quickly in response to the heightened threat, the semi-autonomous controller takes complete control of the vehicle and successfully guides it safely past the hazard (whose projected area has been expanded to account for the geometry of the host vehicle). Note that by estimating the future position of each hazard using a first-order hold on its current state as in (4) and (6), the predicted collision time and location does not explicitly account for the acceleration of each hazard. Instead, it adjusts its estimate at each sampling instant based on the hazard's current velocity. This adjustment is apparent in Figure 5 as a shift in corridor boundaries as hazard velocity changes. Figure 6 shows how the semi-autonomous controller's performance changes when future hazard positions are predicted to 2nd-order. Notice that just after T1, hazard 1 begins to decelerate, causing the controller to place its projected intersect with the hazard at x≈85 m. This prompts a sharp increase in controller intervention to avoid the slowing hazard. When hazard 1 stops its deceleration at T3, the controller extends the predicted intersection point and proceeds to successfully avoid the hazard. Finally, note that the predicted intersection with hazard 2 remains unchanged due to its constant acceleration throughout the scenario.
EXPERIMENTAL STUDIES
Setup
Experimental testing was performed using a Jaguar S-Type and multiple human drivers. Driver and actuator steering inputs were coupled via an Active Front Steer (AFS) system. An inertial and GPS navigation system was used to measure vehicle position, sideslip, yaw angle, and yaw rate while an 800 MHz dSPACE processor ran controller code and commanded steering actuators.
Results
The semi-autonomous framework proved capable of keeping the vehicle within the traversable corridor for each of the scenarios tested, with several human drivers, and multiple intervention laws. Additionally, the 50 ms control loop proved sufficient for control calculations. Figure 7 shows the results of two semi-autonomous experiments. Notice in Figure 7 that the assumption of constant hazard acceleration used by the 2 nd -order approximation causes a brief spike in controller intervention K at T2. Because this intervention is short-lived and multiplies a very small steer command, however, it does not significantly affect the vehicle trajectory. Once hazard 1 reaches a steady velocity, both predictions place the corridor boundary at x ≈ 65 m and successfully avoid the hazard. Also notice that for this particular scenario, large predicted front wheel sideslip, combined with the driver's inaction, lead to significant controller intervention between T3 (once the host-facing facade of hazard 1 has been cleared) and T4 (once the oncoming facade of hazard 2 has been avoided and the vehicle has righted itself in the appropriate lane). This control is rapidly relinquished to the human driver as soon as hazard 2 has been avoided and lane departure averted.
CONCLUSION
This paper described a semi-autonomous hazard avoidance framework that performs trajectory planning, threat assessment, and shared-adaptive control among both static and dynamic hazards. While accounting for hazard motion is not particularly new or novel (unmanned aerial vehicle research has been accounting for hazard motion for years) [21] , the integration of multiple static and dynamic obstacles, together with stability considerations and dynamic constraints into a compact corridor representation is relatively unexplored, particularly in the semiautonomous ground vehicle applications. Moving hazards were factored into the constrained optimal control problem by predicting their position at intersection with the host vehicle and mapping this region into corridor-like constraints on the host vehicle's lateral position. This method was shown in simulation and experiment to efficiently avoid collisions with moving and stationary hazards while satisfying position, input, and dynamic vehicle constraints using both first-and second-order predictions of future hazard positions. Additionally, the framework was shown to provide significant autonomy to a human driver during low threat situations, intervening only as necessary to keep the vehicle within the traversable roadway corridor. Simulation and experimental results have also shown this control framework to be stable in the presence of system-inherent time delays, though a rigorous stability proof is a topic of current investigation. Further work is needed before this research is road-ready.
